Abstract-Decomposition of EMG (electromyography), in which the MUAPs (Motor Units Action Potentials) are extracted from the original EMG signals, is a useful approach for evaluating the physiological properties of muscles and studying the neural mechanism of human motions. Existing decomposition methods usually extracted the MUAPs via the waveform matching between the detected spikes and MUAP templates. However, those methods always involve too many artificial parameters and have no generally mathematical expression, which make them inflexible in practical applications and also cause poor robustness under interference. With respect to the problem, in this paper, a wavelet-based decomposition method is proposed to detect the "true" MUAPs from sEMG. Two standard Gaussian wavelets are firstly defined as the basic MUAP expressions; then, wavelet transform is performed to describe scales and magnitudes of different MUAPs from different nerve fibers. Experiments were conducted to verify the performance of the proposed method, where MUAPs decomposed from sEMG under different levels of muscle contraction can be effectively detected by the method.
INTRODUCTION
Human motion is governed by the coordinated activation of MUs (Motor Units), each of which consists of one motorneuron and its innervating muscle fibers [1, 2] . Surface electromyography (sEMG) is the supposition of action potentials from adjacent MUs. The sEMG signals that can be noninvasively measured from the surface of muscles, have been frequently used as interface commands to realize muscle monitoring, motion recognition, and human-robot interaction [3] . Traditional sEMG procedures, including features extraction, dimension reduction, and classification, always proceed sEMG from an overall and coarse point, but not fine enough for subtle movement recognition, especially in accurately evaluating muscle physiological properties or estimating muscle forces.
Decomposition of sEMG, as illustrated in Fig. 1 , can extract action potential activities of MUs (MUAPs) from raw sEMG signals [4, 5] . Thus, sEMG decomposition can be a powerful approach to obtain noninvasive insight not only into physiological properties, but also into muscle forces strategies [5, 6] .
Decomposition of sEMG has drawn many studies over the past decades. Deluca [7] and LeFever proposed the Precision Decomposition I, II and III on EMG signals, based on template matching and maximum posterior decision [4, 8, 9] . They found "onion" properties of MUAPs [8, 10] . However, the decomposition process is complicated, and the MUAP waveforms of the decomposition results seem significantly similar and are easily interfered by noises [11] . An unsupervised ANN (artificial neural network) based on SOFM (self-organizing feature map) and LVQ (learning vector quantization) is proposed by Christodoulou et al. to adaptively decompose EMG signals into MUAPs [12] . However, the ANN is time-consuming and its robustness is poor for online applications. The blind source separation techniques and ICA (Independent Component Analysis) also had been used to decompose multi-channel sEMG into multiple basic MUAPs [13] [14] [15] . To avoid the inconvenience caused by wearing multi-channel electrodes, Xiong et al. proposed a single-channel sEMG decomposition method with respect to hand gesture recognition [16] . The method involved too many artificial parameters to reduce the flexibility in different applications. An interesting point that sEMG is regarded as the superposition of scaled and translated versions of mother wavelets was put forward, where only sEMG denoising problems were studied [17, 18] . In summary, previous decomposition methods always have one or more shortcomings listed below: 1) the duration length of every MUAP is fixed; 2) the number of relating MUAPs is fixed or pre-set; 3) too many artificial parameters are involved; 4) the waveform of every MUAP is definitely dependent on raw sEMG signal due to the template matching; 5) no suitable mathematical expressions have been defined to describe the MUAP waveforms.
This paper proposed a wavelet-based method to achieve sEMG decomposition and MUAP detection. Two standard Gaussian mother wavelets were first chosen as the basic MUAP formal functions. Then, the scale transforms were performed on the formal functions to obtain "true" MUAPs decomposed from sEMG. The types of active MUs and each MUAP waveform were automatically computed with the discrete Gaussian wavelet transform, in which two main parts, i.e., scale transform on formal functions and convolution operation with raw sEMG, were included. With the proposed method, the types and time duration of every MUAP were flexible and adaptively determined without manual pre-defining.
Experiments were conducted to verify the performance of the proposed method. In our experiments, one subject performed the motion of elbow flexion with 10%, 30%, 70% and 90% of MVC (maximal voluntary contraction) respectively. An electrode was placed on the surface of the biceps brachii to measure sEMG signals. Then, the proposed wavelet-based method was used to detect MUAPs from sEMG under different levels of MVC. Experimental results, including the types and numbers of all recruited MUAPs, firing rates and magnitudes of two types MUAPs, revealed the rationality and effectiveness of our method in performing sEMG decomposition.
The rest paper is organized as below. Section II describes the proposed decomposition algorithm. Experiments and results are presented in Section III. A conclusion is drew in Section IV.
II. METHOD

A. Wavelet Transform
First of all, it is necessary to present a basic description on wavelet transform (WT), which is core procedure of the proposed flexible decomposition method. As an analysis method in time-frequency domain, the WT extracts main properties in the time domain as well as in the frequency domain on time-serial signals, such as sEMG. The WT is given by,
where s defines the scale and  defines the shift,   t  is a mother wavelet and
where ( ) 
B. Wavelet-based MUAP Expressions
After having comprehensively studied many EMG decomposition methods and observed the decomposed MUAP waveforms in previous researches, we propose to use two Gaussian wavelets, i.e., ( ,1) Gaus x and ( , 2) Gaus x (Fig.  2) , as the basic expressions for MUAPs. 
where C is a constant value, which determines the amplitude of wavelets. The decomposed results by Deluca, shown in Fig. 3 , were used as a reference in our study [11] . First, we found that some decomposed MUAPs are significantly similar. For example, MU18, MU24, MU32, and MU39 are almost the same, except a few detailed differences in waveforms. Considering noise interface, it would be accepted that these four MUAPs might be recruited from the same MU. Instead of template matching in traditional decomposition methods, pre-defined wavelet functions were used to express the basic MUAP waveforms. From these 39 MUs' waveforms in Fig.  3 , the function curves of ( ,1) Gaus x and ( , 2) Gaus x match the main shape of most MUs' waveforms. Second, the wavelet-based decomposition method has several advantages in multiresolution analysis, such as orthogonality of wavelets across scaled sub-spaces, and density property that guarantees the coverage of all subspaces. Furthermore, the dilation equation (Eq. 1) that wavelets satisfy makes the decomposition method flexible and adaptive. Therefore, there is no need to pre-set so many parameters during decomposition procedures.
Third, with ( ,1) Gaus x and ( , 2) Gaus x , we can obtain generally mathematical expressions on MUAP, which improves the effectiveness of MUAP analysis and applications. Moreover, the Gaussian wavelets can reduce the influence of signal noises. With Gaussian wavelets description on basic MUAP components, we can obtain the "true" expressions for all decomposed MUAPs.
C. Recruitment Magnitudes and Reconstruction of MUAPs
Actually, the various MUAPs can be considered as scaled versions of Gaussian wavelets. Here, each MUAP waveform is one of positively integer-scaled Gaussian wavelets. Theoretically, there are unlimited positive integer numbers that could be zoomed from basic expressions. The convolution operation of Eq. (4) is applied on MUAP expressions and pre-processed sEMG, we can get different positive integer results in different convolution coefficients. Then, only the positive integer that results in maximum convolution coefficient is reserved. Thus, the best matching waveform parameters can be determined by Eq. (6).
Here, a magnitude  of each firing MUAP is given by Eq. (5). It is positively proportional to amplitude of raw sEMG.
 
where  stands for the neighborhood around a spike. Fig. 4 shows the whole flow chat of the decomposition method.
III. EXPERIMENT AND RESULTS
A. Experiments preparation
Delsys Trigno system (Fig. 5 ) was used to acquire raw sEMG in our experiments. It had 16 single-channel wireless sEMG sensors, which can sample sEMG signals at a frequency of 2KHz. Each sEMG sensor first transmitted data to the base station wirelessly. Then the base station sent all 16-channel data to a PC by a USB cable. With the development kits of Delsys Trigno system, data could be obtained by Delsys own software or self-programmed scripts. An assistive script coded by Matlab was used to save and analyze the experimental data. To get relationships between muscle contraction and MUAPs recruitment, we sampled sEMG from the surface of the biceps brachii under different levels of contraction (Fig. 6). A force sensor was used to measure the force during the elbow flexion. To avoid adjacent lower-arm muscles' influence on contraction force, an improvement of the force sensor position is made on the basis of Deluca's experimental set-up [19] (Fig. 6 ). An able-bodied subject participated all the experiments.
B. sEMG Data Acquisition
A visual interface developed by Matlab was used for data acquisition. First, MVC (maximum voluntary contraction) force was obtained when the subject flexed his elbow with maximum isometric contraction. With the MVC-force (e.g. 50N), a target-force trajectory was pre-set, including three regions: a quiescent region, an up ramp region and a constant contraction region. One subject was asked to follow the target-force trajectory. The real force values measured by the force sensor were drawn in the interface at the same time. The sEMG signals in the quiescent and constant contraction regions were more important for the following data analysis. Fig. 7 showed a set of sEMG signals, target and real forces sampled in an experiment. 
C. Experimental Results
To demonstrate the effectiveness of the proposed decomposition method, experimental results obtained under different levels of isometric contraction, including statistics, magnitudes and firing rates of recruited MUAPs, were presented and discussed in this section.
1) Statistics of MUAPs
The subject performed the elbow flexion with different levels of muscle contraction, i.e., respectively with 10%, 30%, 50%, 70% and 90% MVC. The sEMG data were acquired and stored during 6-second constant isometric contraction period. Then the proposed decomposition algorithm (shown in Fig. 4 ) was used to decompose the sEMG into MUAPs. Fig. 8 Statistical information of all types of MUAPs with different levels of contraction, i.e., respectively with 10%, 30%, 50%, 70% and 90% of MVC. The Types and total number of all recruited MUAPs were obtained. . A positively integer-scaled MUAP expression stood for a newly recruited MUAP according to MUAPs definition in the present method, i.e., every bar in Fig. 8 indicated a type of MUAP. Numbers in Y-axis, or the height of every dark/yellow bar represented total number of the MUAP-type that was recruited during a 6-second constant isometric contraction.
To reveal the whole tendency of MUAPs' statistics with different contraction force, two error-bar figures (Fig. 9 and  10 ), including types and total numbers of recruited MUAPs, were presented. These figures brought to light trends that number of types of recruited MUAPs was positively proportional to the isometric contraction levels, and that total number of all recruited MUAPs was following similar rules. These trends indicated several results that increasing contraction forces were mainly supported by increasing number of types of MUAPs in low contraction phase, while the number of types would be saturated when contraction force was going well above a threshold value. Now, a question was: when number of types was approaching constant, what would contribute to higher levels of isometric contraction? That might be explained by magnitude and firing rates of recruited MUAPs. The first MUAP example was 4-scaled ( , 2) Gaus x . During the 6-second constant contraction phase, this MUAP was firing with increasing contraction force, shown in Fig.  11 . The higher of the bar, the greater magnitude of that MUAP firing at that moment, as described in Fig. 11 . The magnitude of every firing MUAP became greater with increasing force.
Another MUAP-type example was 4-scaled ( ,1) Gaus x . Firing magnitudes and firing rates were shown in Fig. 12 . Different from 4-scaled ( , 2) Gaus x , this MUAP, 4-scaled
, became saturated and then declined with increasing contraction forces. Differences between the two MUAP-types revealed the physiological muscles properties and status of different motor units. According to early studies, motor units with different conductive velocity and fatigue resistance muscle fibers are classified into three categories: class-I, slow twitch but the lowest contraction force, and maximum fatigue resistance; class-II, fast twitch and medium contraction force, not fatigable; class-III, fast twitch but not fatigable. Under such circumstances, results of MUAP numbers ( Fig. 9 and Fig. 10 ) and firing rates (Fig. 11 and Fig. 12 ) fount validations in De Luca's common drive model of motor units in regulation of muscle force [20] and Henneman's size principle [21] . Common drive model tells that even through different motor unit receives a common drive, the individual threshold of it determines when it will be recruited and its firing rates. What's more, size principle states an association between motor unit's size and its firing susceptibility: lower susceptibility MUs were firstly recruited and then higher one with the increasing muscle forces. It causes the number of MUs to increase with the increasing muscle forces, which is shown in Fig. 9 and Fig. 10 . And coherent muscle forces are mainly modulated by firing patterns of different MUs.
IV. CONCLUSION
In this paper, a novel sEMG decomposition method based on wavelet transformation is proposed. With two standard Gaussian wavelets, scaling and translation transformation of WT were preformed to obtain the mathematical expressions for all "true" MUAPs decomposed from raw sEMG signals. The proposed decomposition method is robust and flexible. Experimental results, including types and numbers of all recruited MUAPs, and firing rates of different MUAPs, have demonstrated the feasibility and effectiveness of the proposed decomposition method.
In the future work, we will fully study the quantitative relationships between sEMG signal and muscle contraction by using the decomposed MUAPs.
